 Statistical features derived from time-windowed, filter banked seismic data can be an effective way to characterize eruptive behavior of volcanoes.
Introduction
Long lasting seismic signals known as volcanic tremors are almost ubiquitously present in eruptive episodes at volcanoes (Jellinek & Bercovici, 2011) . These seismic signals are thought to be critical in characterizing the magma migration pathways in the internal plumbing system of volcanoes, as they are typically linked with magma propagation (B. A. Chouet, 1996) 
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With regards to the applications of ML to study and characterization of volcanoes, the primary applications thus far have been in the classification of volcano-seismic signals (Hibert et al., 2017; Malfante et al., 2018; Titos et al., 2019) . In this work, we describe how statistical features derived from the continuous seismic signal recorded at Piton de la Fournaise volcano can be utilized to build machine learning models which reveal the characteristic eruptive tremor and eruptive dynamics of volcanic eruptions.
Regional Setting
Piton de la Fournaise is an active volcano situated on La Réunion, a hot-spot basaltic island in 
Seismic Data
For this study we leverage 6 years of continuous seismic data recorded across the Observatoire Volcanologique du Piton de la Fournaise (OVPF) network shown in Figure 1 . The network consists of stations equipped with short-period seismometers and broadband seismometers, recording at a sampling rate of 100Hz. The data shown in this manuscript are primarily from the seismic station of the Cratere Bory (BOR) site although the analysis described in sections 2.2 and 2.3 has been performed for most of the seismic stations situated in the the Enclos Fouqué belonging to the OVPF network caldera we find that data recorded at the BOR site provides the best performance for our eruptive state classifier. We note that in the period under study at BOR seismic data for the April 4 th eruption is missing, and thus this eruption does not appear in our dataset We also use data from the Enclos Sery Sud (CSS), Chateau Fort (FOR) and the Faujas (FJS) sites to characterize signals recorded throughout the eruptions, as these stations are approximately equidistant from the Dolomieu crater (Plaen et al., 2016) and have a good amount of overlap in terms of available data during the periods of interest.
Feature Building
In order to reduce the continuous seismic signal recorded at various stations at Piton de la Fournaise to a set of tabular features, we first correct the seismic signal for each day and each station to remove the instrument response.
A filter bank is then applied in between the spectral range of 0.5 -26Hz with an initial spacing of 0.5 -2Hz and then a spacing of 1Hz, in a similar approach to that described by Rouet-Leduc, . This results in 25 frequency bands. This frequency range is chosen as it encompasses the typical frequencies of volcanic tremor and volcano-tectonic events reported at Piton de la Fournaise ( 
Supervised Learning: Learning the Eruptive Signature of the Piton de la Fournaise
We first use a supervised learning approach to determine the characteristics of eruptive tremor detected at the Piton de la Fournaise. In this case, the target label is the eruptive state of the volcano (erupting or dormant). For this binary classification task, we utilize a machine learning (ML) algorithm known known as gradient boosted decision trees (GBDT) (Friedman, 2002) with a cross-entropy loss function. We used the XGBoost implementation of GBDT to perform the modelling described in this paper, which enables parallel and distributed computation of the model (Chen & Guestrin, 2016).
The XGBoost model takes the features derived from a sliding time window over the seismic signal recorded at a station as inputs, and outputs a prediction on the eruptive state of the volcano. The training data in this case constitutes approximately 30% of the total data available for the BOR station, or 12000 time windows. The trained model is blind tested on the remaining 70% of the data, outputting an estimate for the eruptive state of the volcano during this period, without ever having actually seen this data. This allows us to estimate the consistency of the characteristics of the eruptive tremor throughout this period: if the spectral characteristics of the tremor are different between the training and the testing set, the model will be unable to effectively predict the eruptive state in the testing set. We can see from these features that the eruptive tremor detected at the BOR station occurs consistently in the 3-5Hz frequency range. This is confirmed in Figure 2d , where we see that the 99th percentile of the 3-4Hz frequency band (red trace) of the seismic signal spikes for all eruptions, as opposed to the 14-15Hz band (blue trace).
We note that the slightly lower recall score, indicating there are a number of false negatives produced by our model in the test set. Examining Figure 2a and 2d we see that during some eruptions the level of the 3-4Hz band can drop below a given threshold, resulting in false negative prediction. Despite this, the performance of the model in detecting the state of the volcano is impressive given the small testing set consisting of only three eruptions and the fact the features are derived from the signal detected at a single station.
Unsupervised Learning: Spectral Clustering
Unsupervised learning is a term which describes a set of machine learning (ML) techniques used to learn relationships in datasets where no training labels are available (Ghahramani, 2004) .
Cluster analysis, which is a subset of unsupervised learning, can be defined as the task of grouping data using similarity measures which quantify the proximity between data vectors in a given feature space (Aminzadeh & Chatterjee, 1984) . In this particular case, we have no explicit labelled data concerning different types or phases of eruptive behavior that Piton de la Fournaise may exhibit, or the specific seismic fingerprints of these behaviors in our feature space, so this approach is particularly well suited for our problem. In order to tackle the investigation into the seismic signature of the eruptive dynamics of Piton de la Fournaise, we turn to a clustering algorithm known as spectral clustering. Spectral clustering outperforms 'standard' clustering algorithms such as k-means in cases where the user wishes to cluster based on connectivity rather than compactness (see SI and Figure S2 ).
We utilize a connectivity based clustering algorithm as we hypothesize that the spectral characteristics of the seismic signal are likely to change continuously during an eruption as the system transitions between phases, thus the clusters of behavior are likely to be connected in our spectral feature space. This type of behavior in geophysical systems has previously been studied The results of the spectral clustering process are shown in Figures 3c, 3d , 3e and 3f. Here we choose 6 as the optimal number of clusters, determined by using the eigengap heuristic (von Luxburg, 2007). For the sake of illustration we choose the 9-10Hz spectral band (the blue scatter plot shown in Figures 3a and 3b ), as this is the frequency band which shows the most structure when compared to the fundamental eruptive frequency band (3-4Hz), and helps to illustrate the clustering results. We note that some clusters exhibit considerable overlap in the feature space visualization (C1, C5 and C4), there are also clusters that exhibit distinct separation in our feature space picked out by the algorithm (C0 and C2).
In order to evaluate the effectiveness of the clustering analysis on the eruptive dynamics of the Piton de la Fournaise volcano, we examine the temporal distribution of the clusters throughout the dataset. Figure 4a shows the Piton de la Fournaise eruptive state during the 2013-2019 period (red trace), and how the spectral clustering algorithm separated the features into 6 clusters (blue scatter plot). The colored bounding boxes are chosen to demonstrate the effectiveness of the combination of our feature generation method and spectral clustering in highlighting different eruptive behaviors of the Piton de la Fournaise volcano. Figure 4b shows an irregular eruption, during which most of the features belonging to C2 occur.
The eruption begins in C5, where we see the dominance of the 3-4Hz frequency band in the eruptive tremor, but also moderately elevated seismic energy in the higher frequency bands. As the eruption progresses, the eruptive state transitions to C2 such that by the end of the eruption the dominant frequency in the eruptive tremor detected at BOR is no longer 3-4Hz, but closer to the 9-10Hz range. The anomalous nature of the August 2015 eruption is further highlighted by the sudden decreases and increases in eruptive tremor amplitude towards the end of the eruption where we see consecutive transitions between C1 and C2.
A more 'usual' eruption is shown in Figure 4c , with the behavior of the volcano throughout this eruption occurring almost entirely in C1: during this type of eruptive behavior we see the main eruptive tremor frequency band (3-4Hz) dominate the seismic signal collected at BOR. Figure 4c demonstrates the occurrence of another state transition revealed by the clustering algorithm: the eruption occurring in September 2018 initiates in C5 but transitions to C0 as the eruptive tremor amplitude increases in early October 2018. We note again that almost all time windows occurring in C0 for the whole dataset occur during this eruption.
We note that the eruptive behavior of the Piton de la Fournaise volcano occurs in C5 during the initial phases of 7 out of 13 eruptions in our period of study (see Figure 4 ). Our interpretation of this result is that C5 contains time windows during which seismic signals associated with the dominant tremor band (3-5Hz) are high in amplitude (see Figure 3 ) but also moderate amplitudes in the higher frequency ranges, which may result from rockfall or volcano-tectonic events. It is also worth noting broadband seismic signals can be related to impulsive events related to the migration of dykes and brittle failure within the edifice of the volcano (Duputel et al., 2019) , but also subsidence of the caldera flow and lava tube collapse related to the lava load.
The anomalous signal recorded during the eruption of August-October 2015 can thus be interpreted in a similar manner: the sustained high frequencies belonging to C2, which occur almost entirely during the aforementioned eruption, are likely due to the subsidence of the caldera floor or lava tube collapses due to the load of the lava flow from the eruption. Indeed, this eruption resulted in a large total effusive volume of 35.5×10 6 m 3 , the largest amount recorded for the 2013-2018 period. Geodetic data indicates the volcanic edifice continually inflated until the end of September, indicating pressurization of the shallow magma reservoir as a consequence of the impulsive ascent of deeper magma. Furthermore, Coppola et al., (2017) reported a magnesium-rich magmatic source becoming evident in correspondence with this new period of inflation, with an increase in SO2 emissions and strong CO2 enrichment in summit fumaroles during this phase of the eruption, providing further that the shallow reservoir was refilled by deep magma, leading to the re-pressurization of the magmatic plumbing system. This repressurization is likely responsible for the sustained flow of lava throughout the long duration of this eruption, inducing subsidence and lava tube collapse and the associated anomalous seismic signals observed during the second phase of this eruption. We note furthermore that the fissures and lava flow occurred in relatively flat areas of the volcano, reducing the flow of lava and inducing stacking and increasing the lava load in the area. Figure 1 ). We average the feature values for time windows at which data is available across all three stations, and sum these across the duration of the respective eruptions, to give a sense of the feature values coupled with the overall duration of the eruptions. For each eruption we impose the condition that there needs to be over 50% of the duration of the eruption available in terms of the features. From Figure 5 we can see that features associated with the dominant tremor band as well as higher frequencies were consistently high throughout the duration of this eruption, even when compared to similar eruptions of longer duration (> 1 month) during which re-pressurization was observed, such as the April 27 -June 1 2018 eruption. We also note C0 represents another eruptive transition picked out by the clustering algorithm: according to OVPF reports concerning the September-November 2018 eruption, gas pistons were recorded from October 3 rd onwards, marking a transition in the degassing of the eruption and accompanying the sharp increase in eruptive tremor recorded. The increase of tremor recorded, which corresponds to the C0 cluster is likely related to the gradual closing of the eruptive cone, leading to a higher amplitude of ' resonance' (B. Chouet, 1988 ) thus increasing the tremor amplitude. We note that following the closing of the eruptive cone, the eruption continued mostly in lava tubes, which is likely the source of the higher frequencies observed for C0.
Conclusions
We have shown that both supervised and unsupervised machine learning techniques provide effective ways to probe volcanic behavior. Using XGBoost we established the dominant eruptive tremor frequency at the Piton de la Fournaise volcano. By utilizing spectral clustering on features derived from the seismic signal recorded at the BOR seismic station we show that we can uncover eruptive dynamics in the generated feature space such as the August 2015 eruption during which a relatively large sustained lava flow was observed, and the closing of the eruptive vent during the September 2018 eruption. 3-4Hz band value increases beyond a consistent threshold for eruptive states across the data set, allowing the machine-learning algorithm to recognize the occurrence of eruptive tremor.
Figure 3:
Spectral relationship between features generated at higher frequencies (9-10hz, 14-15Hz and 24-25Hz) and the dominant volcanic tremor frequency (3-4Hz). The features shown here are the (a) variance and (b) the minimum value for hour-long time windows of the band-passed continuous seismic signal for the station BOR in the aforementioned spectral bands. We show the results of the spectral clustering on these features in figures (c) and (d) respectively with the dominant tremor band plotted against the 9-10Hz band. The black bounding boxes are shown in greater detail in (e) and (f) for the spectral band variance and minimum value,
Figure 4:
Temporal distribution of the clusters shown in Figure 3. (a) The temporal distribution for the entire dataset (2013 -2019) . The three bounding boxes are chosen as representative examples of the clusters. (b) An 'anomalous' eruption, exhibiting a transition between Cluster 5 and Cluster 2: during this eruption we see an initial dominant frequency range for the eruptive tremor between 3-4Hz, but as the eruption progresses higher frequencies start to dominate the eruptive tremor for the BOR station. We also note the abrupt decrease in amplitude of the eruptive signals in the waning stages of the eruption, where the eruptive signals detected at BOR transition between Clusters 1 and 2 repeatedly. (c) A more 'regular' eruption residing mostly in Cluster 1 (see Figure 3e ) where the variance of the 3-4Hz frequency band of the eruptive tremor tends to be strong relative to higher frequencies for the BOR station. (d) An eruption time windows located in cluster 0. We note that both the dominant frequency band and the higher frequencies are strong in this cluster.
Figure 5:
Cumulative variances for the 3-4Hz band and the 9-10Hz band, averaged for stations CSS, FOR and FJS (see Figure 1) which are approximately equidistant from the Dolomieu crater, confirming the 'anomalous' nature of the August 2015 eruption in terms of the seismic signals detected throughout the duration of the eruption. We have removed eruptions for which more than 50% of the time windows were missing across the three stations combined.
